The optimisation of undulatory underwater swimming, employed during the 86 underwater phase of the starts and turns of three of the four competitive strokes, is 87 vital to ensure the best possible transition from the glide phase into full-stroke 88 swimming Cosser, 2000, 2001 ). According to Mason and Cosser (2000) 89 the production of an effective underwater kicking action is a fundamental factor with 90 respect to the optimisation of swimming performance, as start and turn times are 91 strongly correlated with overall swim time. However, despite this important role in 92 start and turn performance, there is a relative dearth of quantitative research 93 undertaken to specifically identify the key kinematic factors involved in the 94 production of a undulatory underwater swimming action to maximise swimming 95 velocity. 96 
97
It has been recognised that undulatory underwater swimming is comparable to an 98 undulatory form of locomotion more commonly associated with aquatic animals 99 (Ungerechts, 1987 (Ungerechts, , 1984 (Ungerechts, , 1982 Sanders et al., 1995; Connaboy et al., 2009) . 100 Ungerechts (1984) highlighted that an exceptional feature of swimmers (animal and 101 human) employing an undulatory form of locomotion in an aquatic environment is 102 that the body motions simultaneously provide the propulsive forces and determine 103 swimming between performers. Consequently, the relationship between cycle-127 frequency and maximal swimming velocity is not simply governed by the selected 128 cycle-frequency, but also by the kinematics used to generate specific cycle-129 frequency when attempting to maximise undulatory underwater swimming velocity 130 (Taneda, 1978 from the 'Elite' squad of a local swimming club participated in this study. All 175 participants had a minimum of five years of competitive swimming experience 176 (mean 6.9±1.9 years) and had competed in a national age-group championship final. 177
Ethical approval for the study was granted from the local Ethics Committee. two kick cycles were digitised to enable the accurate identification of the start/end 254 points of each cycle and to provide additional data points to minimise errors near the 255 end of the data set due to the data smoothing process (Vint and Hinrichs, 1996) . The 256 segment endpoint data were digitised using an Ariel Performance Analysis System 257 (APAS-2000 Ariel Dynamics, 2000, San Diego, CA). 258
259
The raw screen coordinate data output were extracted from the APAS system using a 260 specifically designed Visual Basic (Visual Basic 4.0) programme. This enabled the 261 pixel to real world vertical and horizontal ratios to be determined and scale factors 262 adjusted accordingly. These data were then transformed to produce the raw 263 displacement data, using a participant derived two-dimensional linear scale (Clothier 264 et al., 2004) . Each individual frame of the collected video data were calibrated with 265 respect to a scale factor determined from a reference structure of known dimension 266 (thigh length) present within each frame of the video data. 267
268
To minimise distortion of the data as a consequence of the swimmers swimming 269 'out of plane', the axis of the camera remained perpendicular to the required 270 movement of the swimmer, and any swimming trial which deviated from the 271 required line of swimming was not included in the subsequent analysis. For the 272 purpose of this analysis bilateral symmetry was assumed (Connaboy et al., 2010) 273 and only the side of the body facing the camera (right hand side) was digitised to 274 define a five segment model of the swimmer's body, comprising the arm, trunk, 275 thigh, shank and foot. The digitised coordinates of the raw two-dimensional 276 segment endpoint data were filtered using a Fourier transform. A cut-off frequency 277 for filtering the data was selected at 7Hz, as more than 98% of the power in the 278 displacement-time signals was contained within the harmonics up to 7Hz. 279 280
Data analysis 281
The displacement data were input to a specifically designed MATLAB (Mathworks, 282 Inc) programme. The programme calculated the first two derivatives (velocity and 283 acceleration) of the displacement data for the wrist, shoulder, hip, knee, ankle and 284 5 th metatarsal phalangeal joint by differentiation using central difference formulae. 285
The start/end points of each kick cycle were then identified based on the four local 286 minima of the y-axis coordinates of the 5th metatarsal phalangeal joint position data. 2) 293 cycle-frequency, (3) cycle-length; joint ranges of movement of (4) shoulder, (5) hip, 294 (6) knee, (7) ankle; maximum angular velocities of (8) 
Statistical Analysis 300
All statistical analyses were performed using SPSS (PASW Statistics 18.0, SPSS 301 Inc., Chicago, IL). The normality of the data distribution for each dependent variable 302 (DV) was determined using the Kolmogorov-Smirnov test. Backward elimination 303 (BE) ANCOVA models were utilised to ascertain which individual kinematic 304 variable(s) provided the best predictive models for each of the three DVs for all 305 participants (Draper and Smith, 1998). The BE ANCOVA analysis model was 306 selected because it has the capacity to fit a fixed between-subject indicator variable 307 (n=17) and enables the estimation of a within-subject source of variation (6 cycles) 308 as part of the error structure (Nevill et al., 2011; Brown et al., 2011) . This enables 309 the ANCOVA analysis to partition the two sources of variation (between and within-310 subject variation). Participant number was used as a fixed factor to ensure the 311 analysis allowed for individual differences in the respective DVs. With no 312 statistically significant differences (p< 0.05) between the sexes for either maximal 313 swimming velocity, cycle-frequency or cycle-length, and to improve the statistical 314 power of the tests performed, the data from both female and male participants were 315 analysed together. that the inclusion of cycle-frequency and cycle-length into a statistical model 331 designed to determine the relationship between kinematic variables and the 332 production of maximal swimming velocity would explain the entire variance in 333 maximal swimming velocity (r 2 =1.00), separate BE ANCOVA models were used to 334 determine which of the kinematic variables were best able to explain the variation 335 for each of cycle-frequency and cycle-length from all the 102 data cycles (17 336 participants × 3 trials × 2 cycles). Both cycle-frequency and cycle-length were 337
excluded from the final model (DV= maximal swimming velocity) and the results 338 from the initial series of ANCOVA models for cycle-frequency and cycle-length, 339 were used to determine which variables would be entered into the initial 'saturated' 340 ANCOVA model to analyse maximal swimming velocity. 341
342

RESULTS
343
The kinematic data for all the swimmers were determined (Table 1 ). The data from 344 all participants' six trials were analysed in the BE ANCOVA. 345 346 ********************* Table 1 about here ***************************** 347 348
Analysis of covariance: Backward elimination models 349
After the alternate removal of the respective DV's, the remaining kinematic 350 variables were entered as covariates in separate, saturated ANCOVA models for 351 kinematic variables to determine the best predictive models for cycle-frequency and 352 cycle-length. Through an iterative backward elimination process the separate 353 saturated ANCOVA models were reduced to parsimonious/final models containing 354 only those covariates which significantly (p<0.05) explained a portion of the 355 variance of the DV (cycle-frequency or cycle-length) ( Table 2) . 356 357
End-effector cycle frequency 358
Through the iterative process, the initial saturated model containing all the 359 covariates was reduced to a final model containing only seven covariates (Table 2) 377 ********************* Table 2 about here ***************************** 378 379
Final Model -Maximal undulatory underwater swimming velocity 380
The two initial BE ANCOVA models for cycle-frequency and cycle-length 381 identified a total of nine covariates as determinants of the variance of these DVs. 382
The BE ANCOVA models conducted to analyse the kinematic variables in relation 383 ANCOVA re-run, the explained variance reduced (adjusted r 2 =0.397) (see Table 2 ). 410
In addition, when the fixed factor (Participant) was removed from the model, max variables analysed within the present study of skilled swimmers (Table 1) relation to the individual's own organismic constraints (e.g. limb segment lengths) 477 (Newell, 1986) . Therefore, the skilled age-group swimmers may be exploiting their 478 own, idiosyncratic organismic constraints to maximise propulsive impulse while 479 simultaneously minimising active drag, in response to those constraints imposed by 480 the task and the environment (Newell, 1986 ). This can be exemplified from the data 481 of two swimmers with identical mean maximal swimming velocity values (1.18m.s Determination of the swing technique characteristics and performance outcome 584
